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Background: Atherosclerosis is a chronic inflammatory disease characterized by lipid accumulation in the vascular wall. The roles of
ferroptosis and cellular senescence in Atherosclerosis remain unclear. This study aimed to identify genes related to ferroptosis and
cellular senescence in Atherosclerosis using bioinformatics approaches.

Methods: Atherosclerosis gene expression datasets were obtained from the GEO database. Differentially expressed genes (DEGs)
were identified and intersected with key genes from WGCNA modules, ferroptosis-related genes, and senescence-related genes to
obtain common genes (CF-DEGs). Consensus clustering based on CF-DEGs was conducted to identify molecular subtypes, followed
by differential expression analysis. Enrichment and immune infiltration analyses were used to investigate the biological functions and
immune features of subtype-specific differentially expressed genes. Eight machine learning algorithms were applied to identify hub
genes and construct a diagnostic model. Single-cell RNA-seq data were used to assess the roles of hub genes in cell communication
and differentiation. Finally, animal experiments were performed to validate the expression of the hub genes.

Results: A total of 23 CF-DEGs were identified, based on which two molecular subtypes were defined. A total of 421 DEGs were
found between subtypes. Immune infiltration analysis revealed significant differences in eight immune cell types, including activated
dendritic cells, macrophages, NK cells, and several T cell subsets. Enrichment analysis showed that these genes were involved in fatty
acid metabolism, inflammation, and immune regulation. /L/B and CCL4 were identified as hub genes. Single-cell analysis indicated
that their expression changed during the monocyte-to-macrophage transition and influenced cell communication. In Atherosclerosis
animal models, both genes were significantly upregulated.

Conclusion: /LB and CCL4 are potential diagnostic biomarkers associated with ferroptosis and cellular senescence in
Atherosclerosis. These findings may offer new insights into the mechanisms and diagnosis of Atherosclerosis.
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Introduction

Atherosclerosis (AS) is a chronic inflammatory disease characterized by the deposition of fats within the walls of arteries.
During the progression of the disease, plaques form within the arteries, restricting blood flow and leading to serious
complications such as heart attacks and strokes." AS is a life-threatening manifestation of cardiovascular disease,
primarily affecting large and medium-sized arteries, including the coronary arteries, carotid arteries, aorta, and cerebral
arteries. Epidemiological studies indicate that in 2019, over 17 million people worldwide died from cardiovascular
diseases, with 85% of these deaths attributed to stroke and other conditions caused by AS.? As of 2020, nearly 2 billion
people globally were estimated to have carotid atherosclerosis.” In summary, AS-related cardiovascular diseases impose
a significant global health and economic burden.® It is widely recognized that the development of AS is associated with
dyslipidemia and hypercholesterolemia, conditions that can be triggered by factors such as age, genetics, diet, lifestyle,
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and underlying health conditions like hypertension, diabetes, and obesity.” Currently, the primary pharmacological
treatments for AS are statins or PCSK?9 inhibitors, aimed at controlling low-density lipoprotein (LDL) cholesterol levels
in the blood.® Although these therapies are effective in reducing LDL levels, the incidence of major adverse cardiovas-
cular events (MACEs) remains unmitigated. Therefore, gaining a deeper understanding of the pathophysiological
mechanisms of AS and developing more effective diagnostic and therapeutic approaches are critical areas of ongoing
research.

Cellular senescence is a biological process associated with the deterioration of cellular structure and function, and it is
a major cause of age-related diseases.” Currently, cellular senescence is widely recognized as an important target for the
prevention of cardiovascular diseases. AS is an age-related disease, and its progression may involve various senescent
cardiovascular cells, including cardiomyocytes, endothelial cells, vascular smooth muscle cells, fibroblasts/myofibro-
blasts, and T cells.® Additionally, multiple forms of cell death are involved in the progression of AS, including autophagic
cell death, apoptosis, pyroptosis, necroptosis, and ferroptosis.” Ferroptosis is an iron-dependent form of programmed cell
death. The main mechanism of ferroptosis is the catalysis of highly expressed polyunsaturated fatty acids on the cell
membrane by ferrous iron or lipoxygenase, leading to lipid peroxidation and cell death.'® Numerous studies have found
that ferroptosis can participate in the onset and progression of AS through different pathways.'' In advanced AS, cell
ferroptosis induced by functional defects can accelerate endothelial dysfunction and the formation of vulnerable plaques.
Additionally, dysregulated intracellular iron ions can damage macrophages, vascular smooth muscle cells, and endothe-
lial cells, affecting many AS risk factors or pathological processes, such as oxidative stress, inflammation, and lipid
metabolism disorders.'? Recent studies have shown that ferroptosis and cellular senescence can act synergistically to
regulate the development of atherosclerosis (AS). For example, activation of the ferroptosis signaling pathway in
vascular smooth muscle cells (VSMCs) induces the loss of nicotinamide adenine dinucleotide (NAD") and promotes
cellular senescence. It also enhances the release of senescence-associated secretory phenotypes (SASPs).'* Conversely,
senescent cells may disrupt iron homeostasis, leading to iron accumulation. This can increase cellular resistance to
ferroptosis and alter ferroptotic sensitivity.'* These findings suggest a potential positive feedback loop between
ferroptosis and senescence during AS progression. Understanding this interplay is important for developing new
ferroptosis-based therapies for aging-related cardiovascular diseases. However, whether these two processes intersect
functionally in AS and which factors regulate this crosstalk remain unclear. To date, no systematic studies have addressed
this question. Meanwhile, peripheral biomarkers are becoming increasingly important as non-invasive tools for monitor-
ing coronary artery disease (CAD). They show great promise in early detection, prognosis evaluation, and subtype
classification.'”> Some studies also suggest that senescent and dying cells can recruit myeloid cells, such as immunosup-
pressive macrophage subsets, to mediate immune suppression directly or indirectly.'® Given the close link between AS
and immune therapy response, optimizing immunotherapy strategies for AS has been a research focus.'’

In recent years, bioinformatics has provided new approaches for the treatment of atherosclerosis. Machine learning has
been widely applied across various research fields as a powerful tool for identifying important diagnostic markers.'® Single-
cell technology is an ideal tool for the comprehensive and unbiased analysis of cellular heterogeneity. High-throughput, high-
resolution single-cell sequencing technology can be used to analyze the complex cellular and molecular composition of
atherosclerotic plaques. It can also be used to examine the state, origin, dynamic transformation trajectories, intercellular
communication, and molecular regulatory mechanisms of cells within plaques.'® The combination of these technologies
facilitates a comprehensive and in-depth understanding of the mechanisms of AS onset and progression. This approach
provides new directions for the diagnosis and treatment of AS and the study of its immunological mechanisms.

Methods

Data Acquisition and Processing

The genome-wide expression data used in this study were obtained from the GEO database (http://www.ncbi.nlm.nih.gov/geo).
Specifically, the GSE10097 and GSE132651 datasets, both based on the GPL96 platform, were downloaded using the GEOquery
package in R. The original expression matrices and sample annotation files were retrieved with the getGEO function. Quantile

normalization was applied to standardize the data. The combined datasets included 82 atherosclerosis cases and 41 controls (In
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this study, AS refers exclusively to atherosclerosis and is not related to the term “asymptomatic.”). The GSE10097 dataset was
used as the training set. It was generated from transcriptome sequencing and contains 104 arterial tissue samples, including 69
Atherosclerosis samples and 35 non-Atherosclerosis controls. The GSE132651 dataset served as the validation set. It includes 19
subjects younger than 50 years old (mean age 37 years, range 22—49), who were divided into normal endothelial function (n = 6)
and impaired endothelial function (n = 13) groups based on coronary endothelial reactivity testing. Single-cell RNA sequencing
data were obtained from the GSE159677 dataset on the GPL18573 platform, which includes carotid artery tissue samples from
six Atherosclerosis patients. This study was conducted in accordance with national ethical guidelines. According to Article 32,
Items 1 and 2 of the “Administrative Measures for Ethical Review of Life Science and Medical Research Involving Humans”
(issued February 18, 2023, China), ethical approval is exempted because this study used only publicly available datasets and did
not involve human intervention or the collection of personally identifiable information.

Ferroptosis-related genes were obtained from the FerrDb V2 database (http://www.zhounan.org/ferrdb/current/),

including a total of 905 genes. Senescence-related genes were obtained from the GenAge database (https://genomics.
senescence.info/genes/), with a total of 866 genes.

Screening of Differentially Expressed Genes

Differentially expressed genes (DEGs) in the GSE10097 dataset were identified using the “Limma” package in
R software. Background correction and data normalization were performed using the NormExp and Normalize
Between Arrays functions of the “Limma” package. The screening parameters for DEGs were set with an absolute
value of log FC > 0.5 and a P-value < 0.05. After identifying the DEGs, heatmaps and volcano plots of the DEGs were
created using the “pheatmap” and “ggplot2” packages in R software.

Weighted Gene Co-Expression Network Analysis

Weighted gene co-expression network analysis (WGCNA) is used to identify gene modules with high correlation. In this
study, WGCNA was performed using the “WGCNA” package in R software.>’ Hierarchical clustering was performed on
the study samples to detect and remove outliers. A soft-thresholding power of B = 6 was selected to construct a scale-free
network and calculate the topological overlap matrix (TOM). The correlation between each module and the disease group
was then assessed. Modules with a high correlation coefficient were considered key modules closely related to the
pathogenesis of atherosclerosis (AS). The threshold for module—phenotype correlation was set as a correlation coefficient
> 0.5, with a significance level of P < 0.05. Genes from the key modules were intersected with senescence-related genes,
ferroptosis-related genes, and differentially expressed genes (DEGs). As a result, a set of senescence- and ferroptosis-
related DEGs (CF-DEGs) was obtained.

Consensus Clustering Analysis of Genes

Unsupervised clustering analysis of gene expression data from AS patients was performed based on the identified CF-
DEGs using the “ConsensusClusterPlus” package in R. The optimal k value for the subtypes was determined using
consensus matrices, consensus scores, and cumulative distribution function (CDF) analysis. To identify differentially
expressed genes between different clusters, the “Limma” package in R was used for differential expression analysis, with
parameters set to an absolute value of log FC > 0.5 and P-value < 0.05. Differentially expressed genes between subtypes
were obtained, define them as subtypes of DEGs related to ferroptosis and senescence, and volcano plots and heatmaps
were generated using the “ggplot2” package. A protein-protein interaction (PPI) network of the differentially expressed
genes between subtypes was then constructed based on the STRING database (https://www.stringdb.org), and Hub genes

were calculated using the Cytohubba plugin in Cytoscape (3.8.2).

Immune Infiltration Analysis and Enrichment Analysis

The “CIBERSORT” package in R was used to perform immune infiltration analysis based on differentially expressed
genes between subtypes. This approach quantified the relative abundances of 22 immune cell types across individuals
with distinct immune profiles. Differences in immune cell proportions between subtypes were evaluated using the
Wilcoxon rank-sum test, with P < 0.05 considered statistically significant. The results were visualized using the

Journal of Inflammation Research 2025:18 hetps: 9285


http://www.zhounan.org/ferrdb/current/)
https://genomics.senescence.info/genes/
https://genomics.senescence.info/genes/
https://www.stringdb.org

Qi et al

“ggplot2” package. Subsequently, functional enrichment analysis was conducted using the “clusterProfiler” package to
investigate potential biological mechanisms. Significantly enriched pathways were identified based on an adjusted
P-value < 0.05.

Screening and Validation of Diagnostic Biomarkers

Diagnostic genes for atherosclerosis were screened from ferroptosis- and aging-related genes using eight machine
learning methods, including Decision Tree (DT), Extreme Gradient Boosting (XGBoost), C5.0, Neural Network
(NNET), K-Nearest Neighbors (KNN), Lasso Regression (LASSO), Support Vector Machine (SVM), and Gradient
Boosting Machine (GBM). The machine learning algorithms covered linear models (LASSO), nonlinear models (SVM,
NNET), tree-based models (DT, C5.0, XGBoost, GBM), and instance-based algorithms (KNN) to enable
a comprehensive comparison of model performance from multiple perspectives. Multiple evaluation metrics were used
to assess the model performance. These included the root mean square error (RMSE) of residuals, residual reverse
cumulative distribution, and the area under the receiver operating characteristic curve (AUC). A diagnostic model was
constructed based on the selected genes using the “rms” package. The predictive ability of the nomogram model was
evaluated by calibration curves. Decision curve analysis (DCA) was performed with the “ggDCA” package to assess the
clinical utility of the model. The diagnostic value was further evaluated by the receiver operating characteristic (ROC)
curve. To further validate the generalization ability of the model, an independent GEO dataset, GSE132651, was used as
an external validation set for performance evaluation of the optimal model.

Correlation Analysis Between Hub Genes and Immune Cells

The intersection of Hub genes obtained from PPI analysis and diagnostic genes identified through machine learning was
used to obtain key diagnostic genes for AS. The expression levels of these genes in disease and control groups were
visualized. Finally, Pearson correlation analysis was performed to reveal the correlation between key diagnostic genes,
immune cells, and CF-DEGs. The P-value filter for correlation tests was set to P < 0.01. The strong correlations between
Hub genes and immune cells were visualized.

Single-Cell Analysis

The downloaded scRNA-seq dataset included calcified atherosclerotic core plaques and adjacent proximal carotid tissues
from three patients who underwent carotid endarterectomy, totaling six tissue samples. The scRNA-seq data were
converted into Seurat objects using the “Seurat” package in R software. Quality control was performed by removing
cells with a mitochondrial gene proportion greater than 20% and those expressing fewer than 200 or more than 3000
genes. The “Find Variable Features” function was used to identify the top 2000 highly variable genes for principal
component analysis (PCA), resulting in the identification of 15 principal components. The “RunUMAP” function was
then used for dimensionality reduction and clustering analysis of the Seurat objects. The clustering results were annotated
based on literature searchings.?' Finally, pseudotime analysis and cell communication analysis were conducted on the
annotated cells using the “monocle3” and “CellChat” packages.

Experimental

Animals

The experimental protocol for animal studies was reviewed and approved by the Experimental Animal Ethics Committee
of Henan University of Chinese Medicine (Approval Number: IACUC-202408005). All animal studies were conducted
in accordance with the UK Animals (Scientific Procedures) Act 1986 and the Guidelines for the Care and Use of Animals
by the Chinese Physiological Society. C57BL/6 and ApoE '~ mice were purchased from Si bei fu (Beijing)
Biotechnology Co., Ltd. The mice were randomly divided into two groups: the control group consisted of C56BL/6
mice fed a normal diet for 24 weeks (n = 3); the model group consisted of ApoE ™~ mice fed a high-fat diet for 24 weeks
(n = 3). After the experiment, the mice were euthanized by injection of pentobarbital sodium, and their aortas were
collected.
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Atherosclerotic Lesion Analysis

To analyze the atherosclerotic lesions, the hearts were embedded in OCT to prepare cross-sections of the aortic root. The
sections were stained with oil red for morphological analysis. The oil red “O” staining solution was prepared according to
the instructions of the Oil Red O Staining Kit (Beyotime, Lot Number: Z907240905), and the staining operation was
carried out according to the procedure. All images were obtained using a microscope. The lesion areas in the aortic root
sections were quantified using Image-Pro Plus 6.0 for statistical analysis.

gPCR Analysis

The total RNA of the cells was extracted using the RNA extraction solution (Servicebio, Lot Number: CR2406057), and
the concentration and purity of the RNA were detected. The cDNA was synthesized using the reverse transcription kit
(Vazyme, Lot Number: 7E1981F4), and the real-time quantitative PCR experiment was carried out using ChamQ
Universal SYBR qPCR Master Mix (Vazyme, Lot Number: Q711-02). The experiment was repeated three times.
GAPDH was used as the internal reference gene. The primer sequences of each gene are shown in Table 1. The relative
expression levels of each gene were calculated using the 2-AACt method.

Statistical Analysis
Statistical analysis was carried out using GraphPad Prism 9.5 software. An unpaired ¢-test was used for the comparison
between the two groups, and P < 0.05 was considered to indicate a statistically significant difference.

Results
Identification of Differentially Expressed Genes Related to Ferroptosis and

Senescence

The study workflow is shown in Figure 1, and the rationale for each method used is explained in the Supplementary
Material. First, the “limma” package was used to perform background correction and data normalization on the gene
expression data from the GSE10097 dataset (Figure 2a and b). Differential expression analysis was then conducted on the
normalized data, resulting in the identification of 2288 DEGs. A volcano plot and heatmap were further generated to
visualize these DEGs (Figure 2¢ and d).

Construction of Weighted Gene Co-Expression Network

Clustering analysis was performed on the GSE10097 dataset from GEO, and outlier samples were identified and
excluded (Figure 3a). The soft threshold f was set to 6 when R? > 0.9 and the mean connectivity was relatively high
(Figure 3b). Using the dynamic tree cut method, 11 target modules were identified (Figure 3¢ and d). Correlation analysis
between the target modules and the AS group revealed that the “turquoise” and “yellow” modules were highly correlated
with the disease group. A total of 3695 key genes were obtained from these modules (Figure 3e). The intersection of
DEGs, WGCNA, and genes related to cellular senescence and ferroptosis yielded 23 CF-DEGs (Figure 3f), The genetic
information is provided in Supplementary Table 1.

Table 1 Gene Primer Sequence

Gene Primer

IL-1B F: GTGTCTTTCCCGTGGACCTTC
R: TTCATCTCGGAGCCTGTAGTG
ccL4 F: CTGCCCTCTCTCTCCTCTTG

R: GACTGCTGGTCTCATAGTAATCC
GAPDH | F: TGTGTCCGTCGTGGATCTGA

R: TTGCTGTTGAAGTCGCAGGAG
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differentially expressed genes.

Identification of Gene Subclusters Based on Ferroptosis- and Senescence-Related
Genes

Using the expression profiles of 23 CF-DEGs, unsupervised clustering analysis was performed with a consensus clustering
algorithm to identify subtypes associated with AS. The value of k was set from 1 to 9, and the results indicated that k=2 was
the optimal parameter, dividing the 69 Atherosclerosis samples into Subtype A and Subtype B (Figure 4a—d). Differential
analysis between the A and B subtypes was conducted, resulting in the identification of 421 ferroptosis- and senescence-
related subtype DEGs. Volcano plots and heatmaps were generated using the “ggplot2” package to visualize these findings
(Figure 4e and f).
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Immune Infiltration and Enrichment Analysis of DEGs

Immune infiltration analysis of the 421 key genes was performed using the “CIBERSORT” package. The results showed
that dendritic cells had the highest proportion in all samples. Eight immune cell types showed significant differences
between the two subtypes (P<0.05): activated dendritic cells (p=0.008), macrophages MO (p=0.0007), resting NK cells
(p=0.0088), plasma cells (p=0.04), naive CD4 T cells (p=0.0004), follicular helper T cells (p=0.036), gamma delta T cells
(p=0.0028), and regulatory T cells (Tregs) (p=0.0028). These findings suggest that these eight immune cell types play
a role in the pathogenesis of AS (Figure 5). GO enrichment analysis of the 421 genes indicated that AS lesions involve
processes such as myeloid leukocyte activation, phagocytosis, leukocyte-mediated immunity, leukocyte migration,
positive regulation of cytokine production, positive regulation of tumor necrosis factor superfamily cytokine production,
secretory granule membrane, endocytic vesicle, specific granule, lysosomal lumen, secretory granule lumen, low-density
lipoprotein particle, pattern recognition receptor activity, integrin binding, immune receptor activity, proteoglycan
binding, glycosaminoglycan binding, and structural constituent of muscle (Figure 6). KEGG enrichment analysis
identified pathways such as lysosome, Toll-like receptor signaling pathway, chemokine signaling pathway, leukocyte
transendothelial migration, lipid and atherosclerosis, neutrophil extracellular trap formation, PPAR signaling pathway,
Type I diabetes mellitus, efferocytosis, apoptosis, and NF-kappa B signaling pathway (Figure 6). GSEA analysis revealed
that these gene sets are associated with the upregulation of the cellular senescence pathway and the NOD-like receptor
signaling pathway, and the downregulation of cholesterol metabolism and ferroptosis pathways.

Construction of PPl Network and Development and Validation of Machine Learning
Models

To identify potential interactions among the 421 ferroptosis- and senescence-related subtype DEGs, the genes were
imported into STRING for PPI analysis, and the data were further analyzed using Cytoscape software. Using the
Cytohubba plugin, 20 key genes were identified: ILIB, CCL3, TLRI, ITGAX, TLR7, CXCR4, IRF8, FCGR3A4, MMP9,
CCRS5, CCL4, ITGB2, CCR1, CD68, ITGAM, CD86, TYROBP, IL18, SPI1,and TLR2 (Figure 7a and b).Next, eight machine
learning algorithms were applied to the 421 ferroptosis- and senescence-related subtype DEGs to identify diagnostic genes.
LASSO regression analysis was found to be the most accurate in predicting the onset of AS (Figure 7c—). AVENN diagram
was created by intersecting LASSO analysis and PPI genes, resulting in the identification of two diagnostic biomarkers:
ILIB and CCL4 (Figure 7f and g). An AS diagnostic nomogram was then constructed using the “rms” package (Figure 8a).
The predictive ability of the model was assessed using a calibration curve, which showed minimal difference between the
predicted and actual risk of disease, indicating that the nomogram model accurately predicts AS onset (Figure 8b). DCA
analysis showed that the /L /B and CCL4 curves provided significant clinical benefit for patients when the risk threshold was
between 0 and 0.75 (Figure 8c), and the validation set analysis supported these findings (Figure 8d). ROC analysis revealed
that both IL1B (AUC=0.931), CCL4 (AUC=0.825) had AUC values above 0.6 (Figure 8¢ and f). The validation set results
were consistent with those of the training set (Figure 8g—h), indicating a high predictive accuracy of these genes for AS
onset. This further demonstrates that the nomogram model has good diagnostic capability for early-stage AS patients. The
information for each machine learning model is provided in Supplementary Table 2.

Correlation Analysis Between Core Genes and Immune Cells

Further analysis of the Hub genes revealed that both /L/B and CCL4 were highly expressed in the disease group
(Figure 9a and b). Correlation analysis between significantly different immune infiltrating cells and Hub genes showed
that /LB was significantly positively correlated with follicular helper T cells and significantly negatively correlated with
gamma delta T cells. CCL4 was significantly positively correlated with follicular helper T cells and significantly
negatively correlated with regulatory T cells (Tregs) (Figure 9¢ and d). Correlation analysis between Hub genes and CF-
DEGs showed that /L/B was highly positively correlated with PTPN6 (r=0.72) and highly negatively correlated with
ZEBI (r=—0.64). Similarly, CCL4 was highly positively correlated with PTPN6 (r=0.89) and highly negatively correlated
with ZEBI (1=—0.74) (Figure 9e—i).
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Figure 6 Gene Enrichment Analysis. (@) GO enrichment analysis of subtype DEGs, including Biological Process (BP), Cellular Component (CC), and Molecular Function
(MF); (b) KEGG enrichment analysis of subtype DEGs; (c) GO enrichment circular plot. Blue dots represent downregulated genes; red dots represent upregulated genes; (d)
GSEA plot of subtype DEGs. The top line graph shows the enrichment score of gene sets, where the peak indicates the location of core genes. The middle panel displays the
rank positions of genes in the functional annotation gene sets, marked by vertical lines. The bottom area plot shows the distribution and signal-to-noise ratio of all genes.

Single-Cell Analysis Results

Since the previous analyses were based on transcriptomics and did not describe the cellular diversity of the AS vascular
microenvironment at the single-cell level, we analyzed the importance of Hub genes using published single-cell transcriptome
data (GSE159677). After constructing the Seurat object from the dataset, the normalized expression profiles were displayed
(Figure 10a), showing a positive correlation between nCountRNA and nFeatureRNA (Figure 10b). Principal component analysis
and clustering analysis of the dataset identified 15 clusters (Figure 10c and d). After annotation using the “SingleR” package, six
different cell types were identified: Endothelial Cells (EC), Fibroblasts, Macrophages, Monocytes, T cells, and Vascular Smooth
Muscle Cells (VSMC) (Figure 10e). The study also found that /L/B and CCL4 were highly expressed in the disease group,
consistent with the transcriptome sequencing data analysis (Figure 10f). Further analysis of /1B and CCL4 expression across the
12 cell types showed that /1B was highly expressed in Macrophages and Monocytes, while CCL4 was significantly expressed in
Macrophages, Monocytes, and T cells (Figure 10g-h). Cell communication analysis revealed important interactions between
immune cells and stromal cells during AS development, suggesting mutual regulation between these cells and the AS vascular
microenvironment (Figure 1la—c). Next, pseudotime analysis was conducted using the “monocle3” package to map the
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Figure 8 Model Construction and Validation; (@) Nomogram for diagnosing atherosclerosis based on ILIB and CCL4, *** indicates that the variable is significantly associated
with disease prediction in the model (p < 0.001); (b) Calibration curve. The X-axis shows predicted probability, and the Y-axis shows actual probability. The dashed line
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specificity, and the Y-axis represents sensitivity; (f) ROC curve analysis of CCL4 in the training set; (g) ROC curve analysis of ILIB in the validation set; (h) ROC curve analysis
of CCL4 in the validation set.

developmental trajectories of single cells (Figure 11d and e). Arrows indicate the starting points of the timelines for each cell
group. We observed changes in /L/B and CCL4 expression during the dynamic transition of macrophages and monocytes,
suggesting that these genes may be involved in the fate determination of these cell groups (Figure 11f).

Experimental Verification of the Expression of Hub Genes in the Animal Model

In this study, we evaluated the atherosclerotic lesions in APOE ™~ mice by Oil Red O staining, and quantified the ratio of
the plaque area to the total cross-sectional area of the aortic root. The results showed that, compared with the control
group, the plaque area in the aortic root of mice in the model group increased significantly, as shown in Figure 12a and b.
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The results of the qPCR experiment demonstrated that, compared with the control group, the expression levels of /LB
and CCL4 genes in the model group were significantly upregulated (P < 0.05), as shown in Figure 12c and d). These
results are consistent with the findings of bioinformatics analysis.

Journal of Inflammation Research 2025:18 hetps: 9299



Qi et al

Control Model

0.5+ *k

0.4

0.3

0.2+

0.1

Oil Red O staining

Proportion of the plaque area( %)

b 0.0-
Control Model

IL-1B CCL-4

*%

e

:

_|

Relative gene expression
N I
] ]

Relative gene expression

1

T T
C Control Model d Control Model

Figure 12 Results of experimental verification. (a and b) Lesions in aortic root cross sections were determined by Oil Red O staining; (c) The relative mRNA expressions
of ILIB; (d) The relative mRNA expressions of CCL4. Data are presented as mean + SEM, *p < 0.05, **p < 0.01.

Discussion

Currently, the number of AS patients worldwide is increasing annually, with a trend toward younger age groups, and the
complications it causes place a significant burden on patients.?? The pathogenesis of atherosclerosis is complex and involves
multiple cell types, including endothelial cells (ECs), vascular smooth muscle cells (SMCs), adventitial fibroblasts, macro-
phages, and other immune cells. Key factors in the development of atherosclerosis include endothelial dysfunction, leukocyte
adhesion, foam cell formation, and SMC phenotypic transformation.*** Notably, the pathological progression of AS is
closely linked to cellular senescence and ferroptosis. Cellular senescence is a cell state triggered by endogenous or exogenous
stimuli, characterized by stable cell cycle arrest and a complex senescence-associated secretory phenotype (SASP). Once
senescent cells accumulate in tissues, they can accelerate the progression of age-related diseases such as atherosclerosis,
osteoarthritis, and cancer.”® Senescent endothelial cells reduce NO production and impair the endothelial barrier function due
to disruptions in intercellular adhesion and tight junctions in AS.*® The extent of endothelial coverage in AS lesions is a key
protective factor for plaque stability, and the erosion of endothelial cells can lead to atherosclerotic thrombosis on the lesion
surface. Additionally, increased endothelial inflammation is considered a harmful process in the chronic inflammatory
environment of arteries. Senescent endothelial cells can exacerbate the inflammatory response by increasing the expression
of adhesion molecules such as VCAM-1 and ICAM-1, which enhances the recruitment of leukocytes.>”*® Ferroptosis is
a distinct form of iron-dependent, lipid peroxidation-driven programmed cell death. In recent years, it has increasingly been
recognized as an important process mediating the onset and progression of various cardiovascular diseases, including
atherosclerosis, myocardial ischemia-reperfusion injury, and septic cardiomyopathy.?® Furthermore, AS patients often exhibit
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changes in peripheral blood immune components during disease onset, reflecting the disease’s severity. Therefore, exploring
immune-related biomarkers and potential therapeutic targets is a research focus in this field."”

This study identified 23 ferroptosis- and senescence-related DEGs. Based on these genes, unsupervised clustering analysis
was performed using a consensus clustering algorithm to identify AS-related subtypes, resulting in 421 subtype DEGs. Immune
infiltration analysis of these 421 DEGs revealed differences in eight immune cell types between the two subtypes: activated
dendritic cells, Macrophages MO, resting NK cells, plasma cells, naive CD4 T cells, follicular helper T cells, gamma delta T cells,
and regulatory T cells (Tregs). Previous studies have shown that both the innate and adaptive immune systems play key roles in
driving AS-related chronic inflammation, with significant heterogeneity among leukocyte subtypes in the arterial wall, which
regulate inflammation in atherosclerosis formation.® This study also identified two diagnostic biomarkers through machine
learning methods based on the 421 ferroptosis- and senescence-related subtype DEGs, providing insights into AS-related immune
genes. Currently, many immune infiltration algorithms have revealed differences in immune cell infiltration between disease
groups and controls in AS onset. Jing Wang®' using bioinformatics methods, studied the role of immune cells in the formation of
unstable plaques and explored diagnostic biomarkers. Their findings indicated that M1 macrophages are an important factor in
unstable plaque formation, and CD68, PAM, and IGFBP6 can serve as diagnostic markers for identifying unstable plaques. In
future research, predictive biomarkers should not only involve the composition of immune infiltration and the characteristics of the
inflammatory response but also reveal the heterogeneity of immune composition, spatial distribution, and function.

GO analysis of the differentially expressed genes indicated that AS lesions involve biological processes such as myeloid
leukocyte activation, phagocytosis, leukocyte-mediated immunity, leukocyte migration, positive regulation of cytokine
production, positive regulation of tumor necrosis factor superfamily cytokine production, pattern recognition receptor activity,
and immune receptor activity. KEGG enrichment analysis showed that pathways such as the Toll-like receptor signaling
pathway, chemokine signaling pathway, leukocyte transendothelial migration, lipid and atherosclerosis, PPAR signaling
pathway, apoptosis, and NF-kB signaling pathway are associated with AS onset. This suggests that the mechanisms of AS are
closely related to biological processes such as fatty acid metabolism, inflammatory response, and immune regulation. For
example, PPARs are a class of ligand-activated transcription factors that regulate genes related to lipid metabolism. PPARa,
one of its subtypes, is highly expressed in the heart and vascular walls and regulates target genes closely related to lipid
metabolism and inflammation. Activation of the PPARa pathway can reduce autophagy-dependent ferroptosis caused by
mitochondrial DNA damage and alleviate hyperlipidemia-induced vascular calcification.? Studies have also shown that
senescent immune cells in AS undergo cell cycle arrest, morphological changes, and phenotypic alterations in their abundance
and secretory profiles, including cytokines, chemokines, matrix metalloproteinases, and Toll-like receptor expression.
Currently, the clearance of senescent cells is considered a key target for preventing or treating AS.>* GSEA analysis showed
that these gene sets are associated with the upregulation of the cellular senescence pathway and the NOD-like receptor
signaling pathway, and the downregulation of cholesterol metabolism and ferroptosis pathways. Since the production of free
radicals, increased fatty acid supply, and enhanced lipid peroxidation are key inducers of ferroptosis, they may influence
ferroptosis by regulating lipid metabolism and fatty acid metabolism, thereby mediating the onset of AS.'%>* Senescence is
associated with elevated levels of inflammatory cytokines in the aorta, and impaired vascular mitochondrial function
accelerates the formation of AS. Of course, this requires further study.®> Research has found that macrophages, vascular
endothelial cells, and vascular smooth muscle cells are in a senescent state at atherosclerotic lesion sites. Additionally,
bacterial infections and the accumulation of lipopolysaccharides have been observed in AS patients, along with a SASP.
Therefore, some studies suggest that LPS derived from Gram-negative bacteria may exacerbate AS lesions by inducing and
enhancing the senescence of specific vascular cells and SASP-associated inflammatory characteristics in AS lesions.*®

In recent years, machine learning has been widely applied in the clinical field and is considered an important tool in
healthcare.®” This study identified /LB and CCL4 as ferroptosis- and senescence-related biomarkers for AS, and validation
showed that these biomarkers have good diagnostic value for AS. Previous studies have confirmed that IL-1p is associated
with acute and chronic inflammation and plays an immunoregulatory role in the development of AS. Anti-inflammatory
treatment with canakinumab, targeting the IL-1p innate immune pathway, has been shown to significantly reduce the
recurrence rate of cardiovascular events compared to placebo.*® In APOE ™ mice, upregulation of IL-1p expression increased
the area of atherosclerotic lesions in the ascending aorta and aortic root.>* However, it is important to note that most previous
studies on IL-1P have focused on its regulation of immune or inflammatory cells. Recent research has found that IL-1p can
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regulate iron-sulfur cluster homeostasis by inducing acetylation of the mitochondrial inner membrane protein NNT in tumor
cells, thereby inhibiting ferroptosis and mediating resistance to immunotherapy.*° This finding provides insights into potential
AS treatments. Additionally, studies have shown that inhibiting the secretion of IL-1B can improve doxorubicin-induced
senescence in cardiac fibroblasts and improve poor prognosis in heart disease.*' IL-1p, as a key biomarker of vascular
calcification, may also be involved in the senescence of VSMCs. Linzi Han and colleagues found that IL-1f induces VSMC
senescence and promotes VSMC calcification by activating the NF-xB/p53/p21 signaling pathway, which may be associated
with AS plaque formation.** CCL4, also known as macrophage inflammatory protein MIP-1p, belongs to the CC chemokine
family and can be secreted by monocytes, B cells, T cells, NK cells, dendritic cells, neutrophils, fibroblasts, endothelial cells,
and epithelial cells.* Elevated levels of CCL4 have been reported in the peripheral blood of AS patients. Inhibiting CCL4
levels can reduce the activity of metalloproteinases-2 and —9 in macrophages, suppress the production of TNF-a and IL-6, and
decrease the activation of endothelial cells and macrophages, suggesting that CCL4 has potential as a new therapeutic target
for AS.** Some studies hypothesize that CCL4 may also play a crucial role in aging-related vascular dysfunction. CCL4
promotes inflammation and cellular senescence by stimulating ROS production, leading to impaired cell function, and may be
a potential therapeutic target for vascular protection during aging.*> Studies have shown that iron levels significantly affect the
expression of MIP-1p (CCL4) in murine macrophages. Specifically, ferrous sulfate suppresses CCL4 expression, while the
iron chelator desferrioxamine promotes its upregulation. This suggests that CCL4 expression may be regulated by iron
homeostasis and potentially linked to the ferroptosis pathway. Therefore, it is plausible that CCL4, as an immune-
inflammatory chemokine, may contribute to ferroptosis-related inflammatory responses in atherosclerosis by modulating
macrophage activity.*® Through the qPCR experiment, we found that the expression levels of /LB mRNA and CCL4 mRNA
were significantly upregulated in the model group. Therefore, it is speculated that /L /B and CCL4 have the potential to be used
as biomarkers for predicting AS. At present, there are few studies related to CCL4 and ferroptosis. In the future, the therapeutic
strategies for AS can be explored by studying the association between ferroptosis and immune cells during the onset of AS.

Correlation analysis between Hub genes and immune cells revealed that the /L/B gene is significantly associated with
T cells.follicular.helper and T cells.gamma.delta, while the CCL4 gene is significantly associated with T cells.follicular.helper
and T cells.regulatory (Tregs). T cells.follicular.helper (Tth) have recently been defined as a new subset of CD4+ T cells,
primarily expressing surface molecules such as CXC chemokine receptor 5 and inducible costimulatory molecule, and
secreting the cytokine interleukin-21. The key transcription factor for Tth cells is B-cell lymphoma 6. Tth cells are found in the
germinal centers of lymphoid tissues and peripheral blood, where they promote B-cell maturation and differentiation, germinal
center formation, and antibody production, playing an important role in the pathogenesis of various autoimmune diseases.*’
T cells.gamma.delta (y8T cells) are lymphocytes with multiple functions in innate and adaptive immune responses, pathogen
defense, antigen presentation, and inflammation regulation, participating in the early development of atherosclerosis.*® Duc
M Vu revealed the pathogenic role of y3T cells in early AS formation through animal experiments, with a mechanism that may
involve IL-17 production and neutrophil induction. Therefore, y5T cells are promising targets for AS intervention, potentially
reducing plaque accumulation and inhibiting inflammatory responses.*’ Studies have shown that T cells.regulatory (Tregs)
account for 5-10% of the total CD4+ T lymphocytes in peripheral blood and have been proven to have a protective effect
against atherosclerosis, making them a new target for cardiovascular disease and atherosclerosis.”® Monika Sharma®' also
found that in several mouse models of AS regression, an increase in Tregs was a common feature of plaque regression. In
summary, the Hub genes are closely associated with these immune cells, leading us to speculate that CCL4 and IL1B may
influence the onset and progression of AS by regulating these cells. Correlation analysis between CCL4 and IL1B with CF-
DEGs revealed that these genes are highly correlated with PTPN6 and ZEBI.

The emergence of single-cell biology has opened a new chapter in understanding the biological processes of disease
development and in diagnostics, monitoring, and treatment. This technology can identify novel cell populations that play critical
roles in the progression of AS and assist in exploring new therapeutic strategies.”> The infiltration of immune cells is closely
related to the progression of AS and its response to immunotherapy. Studies using single-cell sequencing technology have
explored the immune heterogeneity of atherosclerosis and identified interferon-induced CD8+ T cells and macrophage
subpopulations as cells that influence AS progression and poor prognosis, which is of significant value for developing new
AS immunotherapies.”™ In this study, 6 different cell types were identified through single-cell analysis, including ECs,
Fibroblasts, Macrophages, Monocytes, T cells, and VSMC, providing a deeper understanding of the cellular diversity within
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atherosclerotic plaques and surrounding tissues. It was also found that the Hub gene /L/B is highly expressed in Macrophages
and Monocytes, while CCL4 is significantly expressed in Macrophages, Monocytes, and T cells. Additionally, this study
visualized the communication between different types of cells, confirming a close relationship between immune cells and
stromal cells in the onset and progression of AS. Using the “Monocle3” package, the pseudotime algorithm was applied to single-
cell RNA-Seq data to order and arrange individual cells based on their states during differentiation and other biological processes,
revealing the connection between gene expression changes and cell fate determination.>* Through this method, it was observed
that /LIB and CCL4 expression levels change during the dynamic transition of macrophages and monocytes. These results
suggest that Hub genes may influence the onset and progression of AS by regulating immune cell function.

This study has several limitations. First, the available AS-related RNA-seq and scRNA-seq datasets are limited, with small
sample sizes. In the future, larger AS datasets will need to be analyzed to validate the findings derived from GSE10097,
GSE132651, and GSE159677. Second, it should be noted that the key effectors involved in ferroptosis and cellular senescence
pathways are mostly regulated at the post-translational level. Therefore, the post-translational levels of these molecules are
crucial for maintaining cellular function and should be considered. This study is limited by the lack of corresponding
proteomics data, as we only screened ferroptosis- and cellular senescence-related genes based on RNA-seq datasets.
Additionally, at the beginning of the study, important diagnostic genes were screened solely from candidate genes related
to ferroptosis and senescence. Consequently, only genes with significant diagnostic value were retained to establish the
predictive model, while genes closely related to ferroptosis and senescence but with lower diagnostic value were excluded.

Conclusions

In conclusion, this study has provided new diagnostic targets for predicting the onset of AS. The diagnostic values of
IL1B and CCL4 for AS have also been confirmed through the combination of experimental verification. The study also
predicts characteristic genes related to cellular senescence and ferroptosis in the development of AS, which holds
significance for understanding the mechanisms of AS and exploring therapeutic strategies. Future research should
validate the clinical applicability of these diagnostic biomarkers and investigate the roles of /L/B and CCL4 in the
development of AS, assessing their potential as biomarkers and therapeutic targets for AS.

Abbreviations

AS, Atherosclerosis; LDL, low-density lipoprotein; MACEs, major adverse cardiovascular events; CAD, coronary artery
disease; DEGs, Differentially expressed genes; WGCNA, Weighted gene co-expression network analysis; CF-DEGs, cellular
senescence-and ferroptosis-related DEGs; CDF, cumulative distribution function; PPI, protein-protein interaction; DT,
Decision Tree; XGBoost, Extreme Gradient Boosting; NNET, Neural Network; KNN, K-Nearest Neighbors; LASSO,
Lasso Regression; SVM, Support Vector Machine; GBM, Gradient Boosting Machine; DCA, decision curve analysis;
ROC, Receiver Operating Characteristic Curve; PCA, principal component analysis; VSMC, Vascular Smooth Muscle
Cells; EC, endothelial cells; SMCs, vascular smooth muscle cells; SASP, senescence-associated secretory phenotype.

Acknowledgments
This paper has been uploaded to Research Square as a preprint: https://www.researchsquare.com/article/rs-5239772/v1.

Author Contributions

All authors made a significant contribution to the work reported, whether that is in the conception, study design,
execution, acquisition of data, analysis and interpretation, or in all these areas; took part in drafting, revising or critically
reviewing the article; gave final approval of the version to be published; have agreed on the journal to which the article
has been submitted; and agree to be accountable for all aspects of the work.

Funding

This present work was supported by the Natural Science Foundation of Henan Province (Grant Nos. 242300421295),
Henan Provincial Science and Technology Research Project (Grant Nos. 232102310434), Construction Project of the
National Inheritance Studio for Famous Traditional Chinese Medicine Experts — Cui Yingmin (Issued by National

Journal of Inflammation Research 2025:18 hetps: 9303


https://www.researchsquare.com/article/rs-5239772/v1

Qi et al

Administration of Traditional Chinese Medicine [2022] No. 75), Major Special Project of Henan Provincial Traditional
Chinese Medicine Research (Grant Nos. 20222YZD20), Key Research Project of Henan Provincial Traditional Chinese
Medicine (Grant Nos. 2023ZY1031), Natural Science Foundation of Henan Province (Grant No. 232300421311).

Disclosure
The authors declare that they have no competing interests in this work.

References

1

20.
21.

22.

23.

24.

25.

26.

217.

28.

. Gusev E, Sarapultsev A. Atherosclerosis and Inflammation: insights from the Theory of General Pathological Processes. INT J MOL SCI.

2023;24:1.

. Keeter WC, Ma S, Stahr N, Moriarty AK, Galkina EV. Atherosclerosis and multi-organ-associated pathologies. Semin Immunopathol. 2022;44

(3):363-374. doi:10.1007/500281-022-00914-y

. Song P, Fang Z, Wang H, et al. Global and regional prevalence, burden, and risk factors for carotid atherosclerosis: a systematic review,

meta-analysis, and modelling study. LANCET GLOB HEALTH. 2020;8(5):¢721-€729. doi:10.1016/S2214-109X(20)30117-0

. Tsao CW, Aday AW, Almarzooq ZI, et al. Heart Disease and Stroke Statistics-2023 Update: a Report From the American Heart Association.

Circulation. 2023;147(8):¢93—621. doi:10.1161/CIR.0000000000001123

. Hou P, Fang J, Liu Z, et al. Macrophage polarization and metabolism in atherosclerosis. CELL DEATH DIS. 2023;14(10):691. doi:10.1038/s41419-023-

06206-z

. Sampson UK, Fazio S, Linton MF. Residual cardiovascular risk despite optimal LDL cholesterol reduction with statins: the evidence, etiology, and

therapeutic challenges. Curr Atheroscler Rep. 2012;14(1):1-10. doi:10.1007/s11883-011-0219-7

. Liu D, Liu J, Zhang D, Yang W. Advances in relationship between cell senescence and atherosclerosis. Zhejiang Da Xue Xue Bao Yi Xue Ban.

2022;51(1):95-101. doi:10.3724/zdxbyxb-2021-0270

.Hu C, Zhang X, Teng T, Ma ZG, Tang QZ. Cellular Senescence in Cardiovascular Diseases: a Systematic Review. AGING DIS. 2022;13

(1):103-128. doi:10.14336/AD.2021.0927

.Bu LL, Yuan HH, Xie LL, Guo MH, Liao DF, Zheng XL. New Dawn for Atherosclerosis: vascular Endothelial Cell Senescence and Death. INT

J MOL SCI. 2023;24:15160.

. Jiang X, Stockwell BR, Conrad M. Ferroptosis: mechanisms, biology and role in disease. NAT REV MOL CELL BIO. 2021;22(4):266-282.

doi:10.1038/541580-020-00324-8

. Wang Y, Zhao Y, Ye T, Yang L, Shen Y, Li H. Ferroptosis Signaling and Regulators in Atherosclerosis. FRONT CELL DEV BIOL. 2021;9:809457.

doi:10.3389/fcell.2021.809457

. Ouyang S, You J, Zhi C, et al. Ferroptosis: the potential value target in atherosclerosis. CELL DEATH DIS. 2021;12(8):782. doi:10.1038/s41419-

021-04054-3

. Sun DY, Wu WB, Wu JJ, et al. Pro-ferroptotic signaling promotes arterial aging via vascular smooth muscle cell senescence. NAT COMMUN.

2024;15(1):1429. doi:10.1038/s41467-024-45823-w

. Masaldan S, Clatworthy S, Gamell C, et al. Iron accumulation in senescent cells is coupled with impaired ferritinophagy and inhibition of

ferroptosis. REDOX BIOL. 2018;14:100—-115. doi:10.1016/j.redox.2017.08.015

. Feng X, Zhang Y, Du M, et al. Identification of diagnostic biomarkers and therapeutic targets in peripheral immune landscape from coronary artery

disease. J TRANSL MED. 2022;20(1):399. doi:10.1186/s12967-022-03614-1

. Zhang Y, Chen H, Mo H, et al. Single-cell analyses reveal key immune cell subsets associated with response to PD-L1 blockade in triple-negative

breast cancer. CANCER CELL. 2021;39(12):1578-1593.e8. doi:10.1016/j.ccell.2021.09.010

. Carrasco E, Gomez DLHM, Gabande-Rodriguez E, Desdin-Mico G, Aranda JF, Mittelbrunn M. The role of T cells in age-related diseases. NAT

REV IMMUNOL. 2022;22(2):97-111. doi:10.1038/s41577-021-00557-4

. Zhang Z, Wang S, Zhu Z, Nie B. Identification of potential feature genes in non-alcoholic fatty liver disease using bioinformatics analysis and

machine learning strategies. COMPUT BIOL MED. 2023;157:106724. doi:10.1016/j.compbiomed.2023.106724

.Yu L, Zhang Y, Liu C, et al. Heterogeneity of macrophages in atherosclerosis revealed by single-cell RNA sequencing. FASEB J. 2023;37(3):

€22810. doi:10.1096/1].202201932RR

Langfelder P, Horvath S. WGCNA: an R package for weighted correlation network analysis. BMC Bioinf. 2008;9(1):559. doi:10.1186/1471-2105-9-559
Kalluri AS, Vellarikkal SK, Edelman ER, et al. Single-Cell Analysis of the Normal Mouse Aorta Reveals Functionally Distinct Endothelial Cell
Populations. CIRCULATION. 2019;140(2):147-163. doi:10.1161/CIRCULATIONAHA.118.038362

Raitakari O, Pahkala K, Magnussen CG. Prevention of atherosclerosis from childhood. Nature Reviews Cardiology. 2022;19(8):543-554.
doi:10.1038/541569-021-00647-9

Bogan BJ, Williams HC, Holden CM, et al. The Role of Fatty Acid Synthase in the Vascular Smooth Muscle Cell to Foam Cell Transition. Cells.
2024;13:658.

Mitra R, Nersesyan A, Pentland K, Melin MM, Levy RM, Ebong EE. Diosmin and its glycocalyx restorative and anti-inflammatory effects on
injured blood vessels. FASEB J. 2022;36(12):¢22630. doi:10.1096/1j.202200053RR

Zeng Q, Gong Y, Zhu N, Shi Y, Zhang C, Qin L. Lipids and lipid metabolism in cellular senescence: emerging targets for age-related diseases.
AGEING RES REV. 2024;97:102294. doi:10.1016/j.arr.2024.102294

Krouwer VJ, Hekking LH, Langelaar-Makkinje M, Regan-Klapisz E, Post JA. Endothelial cell senescence is associated with disrupted cell-cell
junctions and increased monolayer permeability. Vasc Cell. 2012;4(1):12. doi:10.1186/2045-824X-4-12

Molinaro R, Yu M, Sausen G, et al. Targeted delivery of protein arginine deiminase-4 inhibitors to limit arterial intimal NETosis and preserve
endothelial integrity. CARDIOVASC RES. 2021;117(13):2652-2663. doi:10.1093/cvr/cvab074

Libby P. Seeing and Sampling the Surface of the Atherosclerotic Plaque: red or White Can Make Blue. ARTERIOSCL THROM VAS. 2016;36
(12):2275-2277. doi:10.1161/ATVBAHA.116.308491

9304 | hues Journal of Inflammation Research 2025:18


https://doi.org/10.1007/s00281-022-00914-y
https://doi.org/10.1016/S2214-109X(20)30117-0
https://doi.org/10.1161/CIR.0000000000001123
https://doi.org/10.1038/s41419-023-06206-z
https://doi.org/10.1038/s41419-023-06206-z
https://doi.org/10.1007/s11883-011-0219-7
https://doi.org/10.3724/zdxbyxb-2021-0270
https://doi.org/10.14336/AD.2021.0927
https://doi.org/10.1038/s41580-020-00324-8
https://doi.org/10.3389/fcell.2021.809457
https://doi.org/10.1038/s41419-021-04054-3
https://doi.org/10.1038/s41419-021-04054-3
https://doi.org/10.1038/s41467-024-45823-w
https://doi.org/10.1016/j.redox.2017.08.015
https://doi.org/10.1186/s12967-022-03614-1
https://doi.org/10.1016/j.ccell.2021.09.010
https://doi.org/10.1038/s41577-021-00557-4
https://doi.org/10.1016/j.compbiomed.2023.106724
https://doi.org/10.1096/fj.202201932RR
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1161/CIRCULATIONAHA.118.038362
https://doi.org/10.1038/s41569-021-00647-9
https://doi.org/10.1096/fj.202200053RR
https://doi.org/10.1016/j.arr.2024.102294
https://doi.org/10.1186/2045-824X-4-12
https://doi.org/10.1093/cvr/cvab074
https://doi.org/10.1161/ATVBAHA.116.308491

Qi et al

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.
39.

40.

4

—_

42.

43.

44,

45.

46.

47.

48.

49.

50.

SI.

52.

53.

54.

Fang X, Ardehali H, Min J, Wang F. The molecular and metabolic landscape of iron and ferroptosis in cardiovascular disease. NAT REV CARDIOL.
2023;20(1):7-23. doi:10.1038/s41569-022-00735-4

Roy P, Orecchioni M, Ley K. How the immune system shapes atherosclerosis: roles of innate and adaptive immunity. NAT REV IMMUNOL.
2022;22(4):251-265. doi:10.1038/541577-021-00584-1

Wang J, Kang Z, Liu Y, Li Z, Liu Y, Liu J. Identification of immune cell infiltration and diagnostic biomarkers in unstable atherosclerotic plaques
by integrated bioinformatics analysis and machine learning. FRONT IMMUNOL. 2022;13:956078. doi:10.3389/fimmu.2022.956078

Chen Z, Sun X, Li X, Liu N. Oleoylethanolamide alleviates hyperlipidaemia-mediated vascular calcification via attenuating mitochondrial DNA stress
triggered autophagy-dependent ferroptosis by activating PPARalpha. BIOCHEM PHARMACOL. 2023;208:115379. doi:10.1016/j.bcp.2022.115379
Vellasamy DM, Lee SJ, Goh KW, et al. Targeting Immune Senescence in Atherosclerosis. INT J MOL SCI. 2022;23(21):13059. doi:10.3390/
ijms232113059

Stockwell BR, Friedmann AJ, Bayir H, et al. Ferroptosis: a Regulated Cell Death Nexus Linking Metabolism. Redox Biology and Disease Cell.
2017;171:273-285.

Tyrrell DJ, Goldstein DR. Ageing and atherosclerosis: vascular intrinsic and extrinsic factors and potential role of IL-6. NAT REV CARDIOL.
2021;18(1):58-68. doi:10.1038/s41569-020-0431-7

Suzuki K, Susaki EA, Nagaoka I. Lipopolysaccharides and Cellular Senescence: involvement in Atherosclerosis. INT J MOL SCI. 2022;23
(19):11148. doi:10.3390/ijms231911148

Choi RY, Coyner AS, Kalpathy-Cramer J, Chiang MF, Campbell JP. Introduction to Machine Learning, Neural Networks, and Deep Learning.
TRANSL VIS SCI TECHN. 2020;9:14.

Mai W, Liao Y. Targeting IL-1beta in the Treatment of Atherosclerosis. FRONT IMMUNOL. 2020;11:589654. doi:10.3389/fimmu.2020.589654
Jia X, Liu Z, Wang Y, Li G, Bai X. Serum amyloid A and interleukin —1beta facilitate LDL transcytosis across endothelial cells and atherosclerosis
via NF-kappaB/caveolin-1/cavin-1 pathway. ATHEROSCLEROSIS. 2023;375:87-97. doi:10.1016/j.atherosclerosis.2023.03.004

Han Y, Zhang YY, Pan YQ, et al. IL-1beta-associated NNT acetylation orchestrates iron-sulfur cluster maintenance and cancer immunotherapy
resistance. MOL CELL. 2023;83(11):1887-1902.e8. doi:10.1016/j.molcel.2023.05.011

. Espitia-Corredor JA, Shamoon L, Olivares-Silva F, et al. Resolvin El attenuates doxorubicin-induced cardiac fibroblast senescence: a key role for

IL-1beta. BBA. 2022;1868(11):166525. doi:10.1016/j.bbadis.2022.166525

Han L, Zhang Y, Zhang M, et al. Interleukin-1beta-Induced Senescence Promotes Osteoblastic Transition of Vascular Smooth Muscle Cells.
KIDNEY BLOOD PRESS R. 2020;45(2):314-330. doi:10.1159/000504298

Irving SG, Zipfel PF, Balke J, et al. Two inflammatory mediator cytokine genes are closely linked and variably amplified on chromosome 17q.
NUCLEIC ACIDS RES. 1990;18(11):3261-3270. doi:10.1093/nar/18.11.3261

Chang TT, Yang HY, Chen C, Chen JW. CCL4 Inhibition in Atherosclerosis: effects on Plaque Stability, Endothelial Cell Adhesiveness, and
Macrophages Activation. INT J MOL SCI. 2020;21(18):6567. doi:10.3390/ijms21186567

Chang TT, Lin LY, Chen C, Chen JW. CCL4 contributes to aging related angiogenic insufficiency through activating oxidative stress and
endothelial inflammation. ANGIOGENESIS. 2024;27(3):475-499. doi:10.1007/s10456-024-09922-y

Bosco MC, Rapisarda A, Massazza S, Melillo G, Young H, Varesio L. The tryptophan catabolite picolinic acid selectively induces the chemokines
macrophage inflammatory protein-1 alpha and —1 beta in macrophages. J IMMUNOL. 2000;164(6):3283-3291. doi:10.4049/jimmunol.164.6.3283
Haynes NM, Allen CD, Lesley R, Ansel KM, Killeen N, Cyster JG. Role of CXCRS5 and CCR?7 in follicular Th cell positioning and appearance of
a programmed cell death gene-1high germinal center-associated subpopulation. J IMMUNOL. 2007;179(8):5099-5108. doi:10.4049/jimmunol.179.8.5099
Xu L, Chen F, Fan W, Saito S, Cao D. The role of gammadeltaT lymphocytes in atherosclerosis. FRONT IMMUNOL. 2024;15:1369202. doi:10.3389/
fimmu.2024.1369202

Vu DM, Tai A, Tatro JB, Karas RH, Huber BT, Beasley D. gammadeltaT cells are prevalent in the proximal aorta and drive nascent atherosclerotic
lesion progression and neutrophilia in hypercholesterolemic mice. PLoS One. 2014;9(10):¢109416. doi:10.1371/journal.pone.0109416

Albany CJ, Trevelin SC, Giganti G, Lombardi G, Scotta C. Getting to the Heart of the Matter: the Role of Regulatory T-Cells (Tregs) in
Cardiovascular Disease (CVD) and Atherosclerosis. FRONT IMMUNOL. 2019;10:2795. doi:10.3389/fimmu.2019.02795

Sharma M, Schlegel MP, Afonso MS, et al. Regulatory T Cells License Macrophage Pro-Resolving Functions During Atherosclerosis Regression.
CIRC RES. 2020;127(3):335-353. doi:10.1161/CIRCRESAHA.119.316461

Koenen RR, Jorgensen HF, Koenen RR, et al. Translational opportunities of single-cell biology in atherosclerosis. EUR HEART J. 2023;44
(14):1216-1230. doi:10.1093/eurheartj/ehac686

Xiong J, Li Z, Tang H, et al. Bulk and single-cell characterisation of the immune heterogeneity of atherosclerosis identifies novel targets for
immunotherapy. BMC BIOL. 2023;21(1):46. doi:10.1186/s12915-023-01540-2

Cao J, Spielmann M, Qiu X, et al. The single-cell transcriptional landscape of mammalian organogenesis. NATURE. 2019;566(7745):496-502.
doi:10.1038/541586-019-0969-x

Journal of Inflammation Research Dovepress
Taylor & Francis Group

Publish your work in this journal

The Journal of Inflammation Research is an international, peer-reviewed open-access journal that welcomes laboratory and clinical findings on
the molecular basis, cell biology and pharmacology of inflammation including original research, reviews, symposium reports, hypothesis
formation and commentaries on: acute/chronic inflammation; mediators of inflammation; cellular processes; molecular mechanisms; pharmacology
and novel anti-inflammatory drugs; clinical conditions involving inflammation. The manuscript management system is completely online and
includes a very quick and fair peer-review system. Visit http://www.dovepress.com/testimonials.php to read real quotes from published authors.

Submit your manuscript here: https://www.dovepress.com/journal-of-inflammation-research-journal

Journal of Inflammation Research 2025:18 [ £] X in a 9305


https://doi.org/10.1038/s41569-022-00735-4
https://doi.org/10.1038/s41577-021-00584-1
https://doi.org/10.3389/fimmu.2022.956078
https://doi.org/10.1016/j.bcp.2022.115379
https://doi.org/10.3390/ijms232113059
https://doi.org/10.3390/ijms232113059
https://doi.org/10.1038/s41569-020-0431-7
https://doi.org/10.3390/ijms231911148
https://doi.org/10.3389/fimmu.2020.589654
https://doi.org/10.1016/j.atherosclerosis.2023.03.004
https://doi.org/10.1016/j.molcel.2023.05.011
https://doi.org/10.1016/j.bbadis.2022.166525
https://doi.org/10.1159/000504298
https://doi.org/10.1093/nar/18.11.3261
https://doi.org/10.3390/ijms21186567
https://doi.org/10.1007/s10456-024-09922-y
https://doi.org/10.4049/jimmunol.164.6.3283
https://doi.org/10.4049/jimmunol.179.8.5099
https://doi.org/10.3389/fimmu.2024.1369202
https://doi.org/10.3389/fimmu.2024.1369202
https://doi.org/10.1371/journal.pone.0109416
https://doi.org/10.3389/fimmu.2019.02795
https://doi.org/10.1161/CIRCRESAHA.119.316461
https://doi.org/10.1093/eurheartj/ehac686
https://doi.org/10.1186/s12915-023-01540-2
https://doi.org/10.1038/s41586-019-0969-x
https://www.dovepress.com
http://www.dovepress.com/testimonials.php
https://www.facebook.com/DoveMedicalPress/
https://twitter.com/dovepress
https://www.linkedin.com/company/dove-medical-press
https://www.youtube.com/user/dovepress

	Introduction
	Methods
	Data Acquisition and Processing
	Screening of Differentially Expressed Genes
	Weighted Gene Co-Expression Network Analysis
	Consensus Clustering Analysis of Genes
	Immune Infiltration Analysis and Enrichment Analysis
	Screening and Validation of Diagnostic Biomarkers
	Correlation Analysis Between Hub Genes and Immune Cells
	Single-Cell Analysis

	Experimental
	Animals
	Atherosclerotic Lesion Analysis
	qPCR Analysis
	Statistical Analysis

	Results
	Identification of Differentially Expressed Genes Related to Ferroptosis and Senescence
	Construction of Weighted Gene Co-Expression Network
	Identification of Gene Subclusters Based on Ferroptosis- and Senescence-Related Genes
	Immune Infiltration and Enrichment Analysis of DEGs
	Construction of PPI Network and Development and Validation of Machine Learning Models
	Correlation Analysis Between Core Genes and Immune Cells
	Single-Cell Analysis Results
	Experimental Verification of the Expression of Hub Genes in the Animal Model

	Discussion
	Conclusions
	Abbreviations
	Acknowledgments
	Author Contributions
	Funding
	Disclosure

